High frequency of distracted driving behavior is considered a high potential risk for traffic safety. Right-turn drivers' distracted driving behavior can dramatically increase the crash risk considering the complex procedures required by the right-turn movements at intersections. This paper analyzed the influence of several factors including road geometry, environmental factors, and traffic conditions on the occurrence of right-turn drivers' distracted driving activities. The data were collected through the Naturalistic Driving Study (NDS). A total of 581 events including 208 events with distracted driving and 373 events without distracted driving (baseline events) were extracted from the Strategic Highway Research Program 2 (SHRP 2) NDS database. The logistic model and random forest (RF) were applied for regression analysis. It was found that Vehicle Lane Occupied and Traffic Control are significantly correlated to distracted driving behavior in both models. The analysis of odds ratios indicated that dedicated right-turn lane design and adding yield sign at intersections can reduce the probability of having distracted driving behavior. Traffic density and driving time may also play important roles in the occurrence of distracted driving activities.
I. INTRODUCTION
Distracted driving has been one of the major concerns about road safety. Distracted driving occurs when driver's attention is shifted away from the driving task by a secondary task that requires focusing on some event, activity, object, or person within or outside the vehicle [1] . For normal driving, drivers need to scan the roads and surrounding areas frequently to maintain awareness of their driving environment [2] . Therefore, for tasks that are critical to the driving task, such as speedometer checks, mirror/blind spot checks, activating wipers/headlights, or shifting gears, are not considered as distracted driving. Distracted driving was frequently associated
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with decreased driving performance, as measured by higher levels of no hands on the steering wheel, eyes directed inside rather than outside the vehicle, and lane wanderings or encroachments [3] . Based on the data from the U.S. Fatality Analysis Reporting System (FARS) and General Estimates System (GES), 3,477 people were killed and 391,000 were injured in motor vehicle crashes involving distracted drivers, which accounts for 10.8% of all fatalities and 22.8% of all injuries in the United States in 2015 [4] . The actual number of distraction-related crashes may be even higher since distracted driving activities are under-reported in crashes [5] . A previous study [6] showed that drivers who were involved in distracted driving activities had the crash/near-crash risk three times than those who were not. A bunch of studies have been conducted to analyze the impact of different VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ factors on the occurrence of distracted driving behavior. Wu and Xu [7] found that driver age, traffic density, and presence of an intersection were highly related to distracted driving. Kaber et al. [8] found that the use of in-vehicle device can lead to more off-road glances. Beede and Kass [9] found that the use of cell phones is a major type of distracted driving behavior which can decrease the driving performance. Shope [10] found that young drivers are more likely to have distracted driving behavior compared to other groups. Dozza [11] found that truck drivers had less distracted driving behavior compared to car drivers. Kidd et al. [12] indicated that distracted driving behavior varied by driver age and passenger presence. Kircher and Ahlstrom [13] found that the road design and light condition can influence drivers' distraction. Das et al. [14] found that weather condition can also affect drivers' distracted driving behavior. Another research also showed that drivers' distraction can be influenced by road familiarity [15] . Wu et al. [16] analyzed driver behavior at ramp-related areas and found that the heavy traffic volume can increase the probability of distracted behavior. Most studies have focused on analyzing distracted driving behavior on roads, but very limited studies were found in addressing distracted driving behavior at intersections. The intersection, as a junction where two or more roads cross, has been the location with high crash risk compared to other road locations [17] . For right-turn vehicles at intersections, drivers usually have multiple tasks, such as checking conflicting vehicles from other directions, yielding to pedestrians and bicycles, and scanning the traffic signs. About 20% of intersection crashes involve right-turn vehicles although the average right-turn traffic volume is much lower than other movements [18] . In other words, right-turn drivers having distracted driving activities may be more dangerous, compared with other movements. A previous study [19] estimated that about 22% of crashes involving right-turn drivers at intersections had critical reasons owing to distracted driving behavior. Though distracted driving is identified as an important contributing factor on the occurrence of crashes involving right-turn vehicles, it is difficult to take countermeasures to directly eliminate distracted driving behavior. To reduce distracted driving, there are several possible solutions: a. Enhance education to drivers-Introduce more knowledge about the danger of distracted driving to drivers; b. Advanced driver-assistance systems (ADAS)-by detecting driver behavior to alerting drivers to dangers; c. Connectedvehicle technology-by real-time detecting near-crash events to warn the driver of external hazards and internal responses of the vehicle to hazards; d. Improve the road geometry or other factors contributing to driver behaviour by improving the factors related to driver behavior to reduce distracted driving. For solution-a, improving driver education usually takes a long time before it can have any significant effect. For solution-b, currently, most ADAS in passenger cars did not provide advanced distracted driving detection function. And there are some arguments about whether distracted driving problems can be solved by automated cars. If the driver is distracted, there may an issue when an automated car wants to return control to a distracted driver [20] , [21] . For solution-c, connected-vehicles technology is still limited to the pilot study stage. An easy and feasible way to reduce distracted driving is to identify the possible factors impacting distracted driving (solution-d), at least by now. Then countermeasures can be developed to improve those factors to reduce distracted driving. The solution-d can also provide knowledge to be used to educate the drivers (solution-a) and to be embedded into ADAS (solution-b). This solution can also be used to identify the locations that right-turn drivers are more likely to experience distracted behavior, which can be helpful for roadside connected-vehicle device deployment (solution-c).
In regards to distracted driving data collection, there are three major approaches: driver behavior questionnaire (DBQ), driving simulation, and naturalistic driving study (NDS). DBQ can collect data within short periods and provide big sample data. However, people may respond differently from their actual behavior to protect their privacy or to escape responsibility [22] . Driving simulation provides a lowcost method for collecting distracted driving within scenarios that cannot be well presented in the survey form. But the concern about the simulation method is that driver behavior in the simulation environment may not capture their realworld driving habits [7] . Naturalistic driving study (NDS) was developed for driver behavior analysis to overcome the limitations of the abovementioned methods. Under the naturalistic driving environment, driver behavior of road users can be observed in a natural setting via several onboard sensors. In this point, the collected data can reflect the actual driver behavior. Benefit from this data collection approach, several studies have been conducted for distracted driving analysis using NDS data. Here just shows several examples. Gao and Davis [23] used SHRP 2 NDS database to analyze the relationship between driver distraction and reaction time on freeway. It was shown that secondary task type and distraction duration were highly related to reaction time. Metz et al. [24] collected forty-nine drivers' distraction behavior based on NDS data and analyzed the frequency of secondary tasks while driving. It was observed that visual-manual distraction occurred more frequent during standstill and less frequent while driving at high speeds. Hanowski et al. [25] analyzed truck drivers' distraction using a naturalistic approach, where real-world driving data were collected from truck drivers as they worked their normal delivery runs. Results showed that driver distraction was associated with approximately 7% of the critical incidents. Klauer et al. [26] analyzed distracted driving behavior among novice and experienced drivers using the 100-Car Naturalistic Driving Study. The results indicated that the prevalence of high-risk attention to secondary tasks increased over time among novice drivers but not among experienced drivers. Dingus et al. [27] used a National Academy of Sciences-sponsored naturalistic driving dataset to analyze driver crash risk factors. More than 1,500 crashes with detailed driver behavior information were used for crash analysis. The results showed that 68.3% of crashes involved some type of observable distraction. In Stutts et al.'s study [28] , unobtrusive video camera units were installed in the vehicles of 70 volunteer drivers over 1-week time periods to collect NDS data for driver distraction analysis. It was shown the most common distraction is eating and drinking including preparations to eat or drink. Hickman and Hanowski [29] analyzed NDS data from commercial trucks and buses during a 3-month period. 183 commercial truck and bus fleets comprising 13,306 vehicles were included in the collection database. Results indicated that using a cell phone was found to significantly increase the odds of involvement in a safety-critical event. Those above-mentioned papers provided good practices of using NDS for distracted driving analysis. However, as mentioned before, distracted driving at intersections, especially right-turn distracted driving behavior was not well addressed in previous studies [30] .
This paper is intended to explore the impact of different factors (including road geometry, environmental factors and traffic conditions et al.) on distracted driving using NDS data. The findings of this paper can help engineers and researchers better understand the dominant factors affecting drivers' distraction. This research can also provide theoretical support for the distraction detection function in the ADAS. The rest of this paper is organized as follows. Section II introduces the data source and data processing procedure. The detailed data analysis including method selection, regression analysis, and evaluation is documented in Section III; and Section IV concludes the research findings and highlights the future research to extend the current work.
II. DATA SOURCE AND DATA PROCESSING
In this research, distracted driving was generated from the Strategic Highway Research Program 2 (SHRP 2) NDS database. The SHRP 2 NDS field data [31] was collected by 3,100 volunteers at six different sites in the United States: Tampa, Florida; central Indiana; Durham, North Carolina; Erie County, New York; central Pennsylvania; and Seattle, Washington. All drivers have a valid driving license in their states. Only light-duty vehicles were covered in the SHRP 2 NDS database. The NDS data includes time-series records from eight different sensors installed on the volunteer vehicles in addition to multi-direction video clips. Figure 1 shows an example of the SHRP 2 NDS videos. Those videos allow users to extract real-time speed, acceleration, weather conditions, and road features. The SHRP 2 NDS database is managed by The Virginia Tech Transportation Institute (VTTI) located in Virginia, United States.
A. RIGHT-TURN MOVEMENT IDENTIFICATION
A total of 581 events (1 event per person) containing rightturn movements at intersections were received from the SHRP 2 NDS database. About half of these volunteers were male and the other half were female. The driver age ranged from 16 to 80 years old. To protect the drivers' privacy, the locations of the intersections were not available. The received information includes front videos, time-series data and event details table. The time-series data include speed and acceleration information. The time-series data can be synchronized with the front video using the timestamps. Since the length of the received event is longer than the right-turn movement, it is necessary to identify the right-turn movements from the events. The start of the right-turn movement was defined when the speed of the vehicle continued to drop (approaching the intersection). The end of the rightturn movement was defined when the lateral acceleration was similar to that before the right-turn movement [31] . It should be noted that this method was combined with reviewing the front video and only a rough range of right-turn movement can be extracted (consider the variances in the speed and acceleration). The event details table include driver information (age, gender), environmental information (weather, day/night, et al.), and road geometry (intersection control type, construction zone, et al.). The detailed information is documented in Table 1 . A total of 10 elements were extracted from the SHRP 2 NDS data to be used to analyze their relationship with distracted driving behavior.
B. DISTRACTED DRIVING EXTRACTION
The previous studies [33] - [36] found that the crash risk increased with the duration of distracted driving. Klauer et al. [36] reported that cumulative looks away from the road ahead of 2.0 seconds (cumulative eyes-off-road time) or longer within a 6-second period prior to the onset of the conflict were associated with a statistically significant odds ratio of 2.27. However, it is not easy to precisely measure the cumulative eyes-off-road time during the whole distracted driving activity, since the driver may move eyes off-road for several short times. The authors [15] found that the duration time of distracted driving (total task time) can also be used to predict crash risk in another previous study.
Here, we only considered the events that have a second task lasting longer than 2 seconds as a distracted driving event [15] . There may be several secondary tasks during one right-turn movement. This paper only considered the most critical one (identified by the VTTI). The 581 rightturn movements included 208 events with distracted driving and 373 events without distracted driving (baseline events). Distracted driving was recognized by manually checking the videos, which was conducted by data reductionist in VTTI. The SHRP 2 NDS Data Access Website [32] provided 63 types for distracted driving behavior. In the received 284 events, a total of 29 types defined by the SHRP 2 NDS Data Access Website was observed. We simplified those 29 types into 7 different groups, as shown in Table 2 . The statistical result of the distracted driving group is shown in Figure 2 . The type of distracted driving varies among the samples. The frequency of cell phone usage is highest between different groups. About 22.6% of drivers used cell phones during the right-turn movement. Use of cell phone has been a major distracted driving activity in every driving scenario, not only for right-turn movement at an intersection [30] . The second top group was moving/adjusting/monitoring objects, which counted for 19.7% of total distracted driving behavior. Each event can be marked as a distracted driving event or a nondistracted driving event (a yes/no choice for regression in the following part).
III. VALIDATION OF DATA PROCESSING A. REGRESSION METHODS SELECTION
Several methods have been developed to examine the influence of different factors on driver behavior. The generalized linear model (GLM) is a flexible generalization of the ordinary linear regression which is widely used for factor analysis. In a generalized linear model (GLM), each outcome Y of the dependent variables is assumed to be generated from a particular distribution in the exponential family, a large range of probability distributions that includes normal, binomial, Poisson, gamma distributions. Several studies [16] , [23] , [31] applied GLM for driver behavior prediction and analysis. Those practices showed that the GLM with negative binomial probability performs better since this model can handle the over-dispersion better than other models such as Poisson regression [30] . But the negative binomial could not analyze the data with a binary outcome very well, like the distracted driving behavior (distracted/not distracted) in this paper. The logistic regression (or logit model) is more appropriate to be used to predict a categorical variable [37] . Logistic regression [38] , [39] is used to describe data and to explain the relationship between one dependent binary variable and one or more nominal, ordinal, interval or ratio-level independent variables. Suppose a response variable Y is binary, that is it can have only two possible outcomes which we will denote as 1 and 0. We also have a vector of regressors X, which are assumed to influence the outcome Y. Specifically, we assume that the model takes Eq. (1):
where Pr denotes probability, and is the Cumulative Distribution Function (CDF) of the standard normal distribution. The parameters β are typically estimated by maximum likelihood.
Other than the traditional regression models, the machine learning method-regression trees can also be another option for regression analysis. Random forest (RF) being one of the most popular trees, was widely used to predict driver behavior [7] , [16] . RF methods is an ensemble learning method for regression, which is powerful to identify significant variables related to the binary target variable. RFs, which are an ensemble of multiple trees, are more stable compared with individual classification trees. The RF works better than a single decision tree because a single decision tree may be prone to noise. An aggregate of many decision trees reduces the effect of noise giving more accurate results. The training algorithm for RFs applies the general technique of bootstrap aggregating, or bagging, to tree learners. After training, predictions for unseen samples x' can be made by averaging the predictions from all the individual regression trees on x': In this paper, we used both logistic regression and RF to analyze the data and then compared the results of these two methods to identify the influence of those important factors on distracted driving behavior. Both logistic regression and RF were performed in R. The input variables (x i ) of the models are the 10 elements described in Table 1 and the dependent variable (y) is whether the event involved distracted driving (a yes/no choice).
B. LOGISTIC (PROBIT) REGRESSION
Before reporting any results of the logistic regression, the multicollinearity was examined in the model. Multicollinearity refers to a situation in which two or more explanatory variables in a regression model are highly linearly related, which can dramatically influence the accuracy of the model. The variance inflation factor (VIF) was calculated for multicollinearity examination [40] . The results showed that Weather and Surface Condition both have a high VIF, indicating there is collinearity between Weather and Surface Condition. The collinearity between Weather and Surface Condition has physical meaning. The surface condition is usually dry when the weather has no adverse conditions, and the surface condition is usually wet when it is raining or snowing. There are only two variables in the model that have collinearity with each other, the easiest way is to remove one from the model [40] . Therefore, Weather was removed from the regression model. The analysis of variance (ANOVA) was conducted to analyze the deviance in the model. The results were shown in Table 3 .
The difference between the null deviance and the residual deviance shows how our model is performing against the null model. It can be seen that the null deviance has a value of 757.93 on 580 degrees of freedom. Adding all independent variables decreased the device to 652 on 560 degrees of freedom, which reduced 14% in deviance. This reduction is not high indicating some other important factors (such as eye-off-road-time) was not included in the model. Another reason for the low deviance may be caused by the sample size. Table 1 shows the values in each factor are not balanced-some values have high frequency and some values have low frequency. As a result, those unbalanced factors such as Lighting, Surface Condition, and Age are not statistically significant in the logistic model. But the results of ANOVA showed that Lighting, Surface Condition, and Age can dramatically reduce deviance. Therefore, if more data are available to balance the values in the three above-mentioned factors, the accuracy of the model can be improved.
A large p-value in Table 3 indicates that the model without the variable explains more or less the same amount of variation. Adding Vehicle Lane Occupied (with the lowest p-value) can reduce the residual deviance mostly, indicating this variable may be an important factor in the regression model.
• Concordance Ideally, the model-calculated-probability-scores of all actual positives should be greater than the model-calculatedprobability-scores of all the negatives. This phenomenon can be measured by Concordance. For a perfect model, this will be 100%. The model had a concordance of 79%, which indicated this was an acceptable but not perfect model.
• Receiver Operating Characteristics (ROC) Receiver Operating Characteristics Curve traces the percentage of true positives accurately predicted by a given logit model as the prediction probability cutoff is lowered from 1 to 0. For a good model, the curve should rise steeply, indicating that the TPR (Y-Axis) increases faster than the FPR (X-Axis) as the cutoff score decreases. The ROC was shown in Figure 3 .
This model has 74.81% of the area under ROC, which still has a lot of space to improve. This also indicated that some other variables which may impact driver behavior were not covered in the model.
• Misclassification Error
The misclassification error is the percentage mismatch of predicted vs actuals. The misclassification error of this model is 0.161, indicating the false rate of predicting distracted driving behavior using this model is 16 .1%.
The model evaluation showed that the model is not perfect but acceptable.
The results of the logistic regression model are documented in Table 4. A p-value less than 0.05 indicates strong evidence against the null hypothesis in Table IV . The results showed that Vehicle Lane Occupied, Traffic Density and Traffic Control are statistically significant (with a p-value<0.05). Vehicle Lane Occupied has the lowest p-value suggesting a strong association between road geometry with the probability of having distracted driving behavior, which is consistent with the results of Table 3 . The positive coefficient for this predictor suggests that when all other variables being equal if there is no dedicated right lane, drivers are more likely to have distracted driving behavior compared to the situation that there is a dedicated right lane. The reason for this trend may be that when there is no dedicated right lane, rightturn vehicles could not right-turn-on-red if there is a gothrough vehicle in front. Therefore, drivers will have more extra time to have secondary tasks. The similar interpretation can be used for Traffic Density. When the traffic density is high, vehicles will have a high probability to be blocked in the middle of the queue, which may also provide extra time to have distracted driving activities. Event Start, Lighting, Surface Condition, Construction Zone, Gender, and Age are not statistically significant. The odds ratios can be calculated from the coefficients. The probit regression coefficients give the change in the z-score or probit index for a one unit change in the predictor. For example, no dedicated rightturn lane, versus dedicated right turn-lane (the reference group) increases the log odds of having distracted driving behavior by 1.296. This can be easily transferred into odds ratios by exponentiating the coefficients: exp(1.296)=3.65. Table 5 shows the odds ratios of those factors having the p-value less than 0.05. VOLUME 7, 2019 The odds ratios further showed that no dedicated right lane and high traffic density can greatly increase the risk of having distracted driving compared to the reference groups. The results also showed that compared to no traffic control, yield signs can dramatically reduce the probability of having distracted driving activities.
C. RANDOM FOREST
The independent values for input of RF are the same with those used in logistic regression. The number of trees is set as 500. Figure 4 shows the relationship between the error and the number of trees. It is shown that the error keeps dropping when more and more trees are added. The 500 trees can make the model convergence.
The results showed that the mean squared error (MSE) of RF is 0.1, which is close to zero, indicating a high quality of the estimator. Figure 5 shows the importance rank of influencing factors on distracted driving generated by RF. The higher number of %IncMSE indicated this variable is more important [41] . The results showed that Vehicle Lane Occupied, Traffic Control, and Event Start Time are the top three important factors. Both RF and the logistic model indicated that Vehicle Lane Occupied and Traffic Control are top factors that can impact the occurrence of distracted driving activities. Traffic Density is ranked as 5 th of 9 factors while the logistic model showed Traffic Density is the second most statistically significant factor (with second lowest p-value in Table 4 ). This is caused by the difference calculation of logistical regression model and RF [7] , [16] , [42] - [44] . The results from RF showed that Event Start Time (3 rd of 9 factors) can also provide an important impact on the occurrence of distracted driving behavior. This is congruent with the expectations since drivers are more likely to have distracted driving behavior after a long driving time [15] .
The misclassification error of RF is 6.5%, which is much lower than that of the logistic model (16.1%). The concordance is 98.5%, which also indicated that the performance of RF for distracted driving prediction is better than that of the logistic model (with a concordance of 79%). Both the logistic model and RF showed that it is possible to predict the occurrence of distracted driving behavior using other road features and environmental factors, though the performance of the two approaches is different. Overall, RF can provide more accurate results than the logistic model.
IV. CONCLUSION AND DISCUSSION
This paper analyzed right-turn drivers' distracted driving behavior at intersections based on real driver observation data collected from NDS. Similar with the results of many previous studies, use of cell phone was found the most common distracted driving activity during the right-turn movements. The probability of the occurrence of distracted driving behavior is predicted considering the influence of different factors including road features, environmental factors, and traffic conditions. The logistic model and the random forest method are applied to analyze the influence of different factors on distracted driving behavior. The results of the two methods are some different due to the difference calculation of logistical regression model and RF. However, the authors did not recommend RF or the logistic model for distracted driver behavior in this paper. The researchers and traffic engineers can pick up their own preferred method based on their knowledge and accuracy requirements. It will be also interesting to compare two investigated methods with more methods, such as locally weighted regression [45] - [49] . This work is expected to be conducted in the next step.
Based on the analysis, Vehicle Lane Occupied and Traffic Control are found highly related to distracted driving behavior in both models. The following two countermeasures may be considered to further reduce right-turn drivers' distracted driving behavior. a. Adding yield sign-this can guide drivers to pay attention to the conflicting traffic and leave less time for drivers to have distracted driving activities. b. Providing dedicated right-lane-this can separate the go-through traffic and right-turn traffic, which will reduce the probability of right-turn drivers waiting for a longtime in the queue. This paper did not extract the eye-off-road-time (EORT) information. Without EORT, it was unknown how many distracted driving activities were converted into driver distraction [15] . Adding EORT to the analysis is expected to further improve the accuracy of the models in this paper. All vehicles involved in this study are light-duty vehicles (limited to the participating vehicle type in SHRP 2 NDS database). The behavior of drivers who use other types of vehicles such as truck and motorcycle are not considered in this paper. Research about driver behavior using different vehicles is still needed in future studies. The analysis in this paper also indicated that the unbalanced values in the factors can impact the accuracy of the logistic model. More data are expected to be applied for analysis to improve the accuracy in future studies.
Though this paper recommended some countermeasures to reduce the probability of the occurrence of right-turn drivers' distracted driving behavior, the performance of those recommended countermeasures required more investigation. Another approach to handle the drivers' distracted driving behavior is to provide warning information to the drivers through ADAS based on autonomous detection technologies. The previous study found that the number of collisions related to driver distraction may be reduced by more than 80% with the help of ADAS [50] . The driver behavior may be recognized by ''hand on wheel detection'',''EORT detection'', or ''driving operation detection-such as acceleration/deceleration detection'' through the data collected by different sensors [51] - [55] , [56] . The findings in this paper can provide theoretical support for the autonomous vehicles (AV) and connected-vehicles (CV) technologies regarding the distracted driver behavior detection and analysis.
